In this article we present a system that extracts information from pathology reports. The reports are written in Norwegian and contain free text describing prostate biopsies. Currently, these reports are manually coded for research and statistical purposes by trained experts at the Cancer Registry of Norway where the coders extract values for a set of predefined fields that are specific for prostate cancer. The presented system is rule based and achieves an average F-score of 0.91 for the fields Gleason grade, Gleason score, the number of biopsies that contain tumor tissue, and the orientation of the biopsies. The system also identifies reports that contain ambiguity or other content that should be reviewed by an expert. The system shows potential to encode the reports considerably faster, with less resources, and similar high quality to the manual encoding.
Introduction
A cancer diagnosis is often based on an examination of a biopsy, a small tissue sample taken from a patient with a suspected cancer disease. These samples are visually examined by a pathologist, using a microscope. To document the examination, the pathologist writes a report describing findings and a diagnosis.
Pathology reports are primarily a tool used for communicating findings done by the pathologist to the physician treating the patient, but if the findings in the reports are encoded and registered in a systematic way, they can also be used for research purposes.
In Norway, all pathology reports concerning cancer diseases are reported to The Cancer Registry of Norway. The contents of each report is read and encoded by a trained coder. This is an area where an efficient information extraction system could prove very useful, since about 180,000 reports are sent yearly to the registry where they are coded by 25 full time coders. The coding of a single report takes between two and ten minutes. (Observe that Norway has a population of 5.2 million inhabitants).
In this study we have focused on pathology reports written in Norwegian describing results from prostate biopsies. The goal of the system presented in this paper is to accurately extract information from the unstructured textual content of pathology reports, so that the extracted information can be stored in a structured data format suitable for a cancer registry.
Previous Research
A number of studies have applied information extraction techniques to pathology reports for several types of cancer, including breast cancer, colorectal cancer, lung cancer, and prostate cancer. Scharber (2007) provides an overview of various available tools.
Most of the work in this field has been done for English text, and both rule based and machine learning methods as well as combinations thereof have been applied. For a review of the research area, see Spasić et al. (2014) . Coden et al. (2009) extracted information from pathology reports for colon cancer. A combination of rules and machine learning were used to extract nine different classes from the reports. Ou and Patrick (2014) extracted 28 different concepts from pathology reports for primary cutaneous melanoma (skin cancer). Martinez and Li (2011) classified colorectal cancer according to the TNM (Tumor, Node and Metastases) scale using Naïve-Bayes and Support Vector Machines. Nguyen et al. (2011) applied rule based methods to pathology reports for lung cancer.
The mentioned studies present results in the terms of F-score ranging from 0.7 to 0.9. Currie et al. (2006) used rules to extract concepts in 5,826 breast cancer and 2,838 prostate cancer pathology reports. The extracted around 80 fields and obtained 90-95 percent accuracy. The evaluation was carried out by domain experts.
Two studies have applied rule based methods to Norwegian pathology reports. Dahl et al. (2016) extracted values for nine concepts from 25 pathology reports describing prostate biopsies. They obtained F-scores ranging from 0.24 to 0.94. Weegar and Dalianis (2015) extracted values for ten concepts related to breast cancer with an F-score ranging from 0.67 to 1.0 using 40 reports. Both studies were done on small data sets, but the results show that rule based methods are a promising approach for information extraction from pathology reports written in Norwegian.
Materials
Each document in the data set consists of the report written by the pathologist and the corresponding manual encoding of the report. There are no additional annotations of the reports, meaning that the documents contain no information about which parts of the text that an encoded value is based on. The full text of each report is therefore used as input for each encoded value. The reports do not contain names or other identifiers and have been securely stored and remotely accessed to ensure privacy protection.
The data was divided into a development set containing 70 percent of the documents and a test set with the remaining 30 percent. After removing duplicate files, there were 388 documents in the development set and 176 in the test set.
The reports in the development set contain 276 tokens on average, and each report describes between one and 21 biopsies, the average number of biopsies per report is 8.25. An example of a pathology report can be seen in Figure 1 .
A specific set of fields is associated with and encoded for each type of cancer. For prostate cancer biopsies, 9 fields are extracted and each of them is encoded as an integer value. The fields are:
• Primary Gleason grade, a numerical value ranging from 1 to 5.
• Secondary Gleason grade, a numerical value ranging from 1 to 5.
• Gleason score, the sum of the primary and secondary Gleason grade.
• The number of biopsies.
• The number of malign biopsies.
• The number of biopsies with orientation right/left.
• The number of malign biopsies with orientation right/left.
A biopsy is malign if it contains cancerous cells and the Gleason grades and score are a type of cancer staging specific to prostate cancer. Gleason score is calculated as primary grade + secondary grade = score, for example:
gives that primary grade is 4, secondary grade is 3 and that Gleason score is 7. Primary here means the dominant grade seen in the biopsy. Different grades and score can be observed in different biopsies, and this means that there can be several different values for Gleason grades and score given in the same report. Of these values, the most prominent is selected and encoded. The biopsies are typically indexed by numbers or letters and grouped together if they have the same characteristics. For example, the sentence indicates one biopsy with tumor tissue and a Gleason score of six.
Methods

Value Extraction
A rule based solution has been implemented since the texts in reports are relatively structured. Using rules also has the benefit of transparency, the user always knows why a specific value was given by the system. The rules included in the system were manually written using regular expressions and string matching and the system is implemented in Java. Firstly, the system reads the texts and the corresponding encoding from the documents. The text is preprocessed and the extraction rules are applied. The results of the extractions are evaluated and finally encoded.
The nine fields that are encoded for the current task can be divided into two groups, Gleason fields and Biopsy fields. The values of the fields in each group are highly dependent on each other and a set of rules have been written for each of the groups.
The Gleason grades and score are in most cases extracted together, as they are typically written as primary grade + secondary grad = score, with a number of minor variations. The exception is when only one or a few biopsies are reported, in those cases there is a larger variation in the reports, which requires additional rules.
For the biopsy group, six values are extracted, and the correct extraction of each value is necessary to get correct values for the subsequent fields. As a first step, each biopsy in the reports needs to be correctly identified to get the correct value for the field Number of biopsies. Then each identified biopsy is classified as benign or malignant and as having either the orientation left or right. The performance of the the extraction of the number biopsies that are malignant and the orientation each biopsy is limited by the performance of the first step.
Spelling Variations of Key Concepts
We identified a set of key concepts that are central to the encoding process, these concepts are Gleason, Prostate carcinoma, Adenocarcinoma, Left and Right. The texts contain a number of spelling variants of the key concepts and it is essential to correctly identify each of them, both standard variants, such as the two spellings of prostate carcinoma: prostatakarsinom and prostatacarcinom, and misspellings, in order to correctly encode the reports. Using the concept representation reduces the number of rules needed, since individual rules are not needed for each spelling variation.
The alternative spellings of the key concepts were found using Levenshtein distance (Levenshtein, 1966) . The Levenshtein distance can be used as a measurement for how similar two strings are, and the distance is calculated by counting the number of substitutions, deletions, and insertions of characters that are required to make two strings equal.
To find the variations, the texts in the reports were tokenized and the Levenshtein distances between the tokens and the concept strings was calculated. Strings that are highly similar receive a low score, and the ten lowest scoring tokens for each concept are shown in Table 1 . The relevant variants were manually selected from lowest scoring tokens and these tokens were included in the set of key concepts. For the concepts Left and Right, a number of abbreviations were also included.
Identifying Reports for Manual Review
The texts in the reports are relatively structured, but there are exceptions where the system might fail to extract the correct values. It would therefore be beneficial if the system itself could identify the reports that it is incapable of handling correctly. This would increase the precision of the system and allow the difficult cases to be manually reviewed. To achieve this, a module was added that evaluates the extracted values. If inconsistencies are found, the values are flagged for review, see Figure  2 . In total, three indicators for flagging were identified, and for the Gleason group, there is one such flag; a report gets marked for manual review if the concept Gleason is mentioned, but none of the extraction rules matches the contents of the text.
For the Biopsy group, the main source of error is that many of the reports lack information on the orientation of biopsies in the text. This information is instead often located in a sketch accompanying the reports. Since the current system is not able to process these images, the first mechanism is to flag any report that mentions neither the concept left nor the concept right.
The system contains a set of heuristic rules for inferring the orientation of the biopsies when the orientation is not explicitly stated for each biopsy. For example, if a report only mentions the concept Left, all biopsies in that report are considered as having the orientation left. These heuristics improve performance when applied to all files, but in some cases they also introduce errors. These errors are partly due to the fact that the orientation of the malign biopsies is more often mentioned than the orientation of the benign biopsies.
The second mechanism for the Biopsy group therefore flags the files where the sum of the biopsies identified as having orientation left or right does not match the total number of biopsies identified, or when the total sum of malign biopsies does not match the sum of malign biopsies identified as left or right.
Results
The system has been evaluated against the test set containing 176 reports, using precision, recall and F-score. The results for are presented in Table 2 . Table 2 : Precision (P), recall (R) and F-score (F) for the nine extracted fields.
The next step was then to separate out the reports which the system determines should be manually reviewed. This procedure was applied at group level, first to the Gleason group and next to the Biopsy Group.
The system identified and flagged three reports in the test set for which the values in the Gleason group should be manually reviewed. When excluding these reports (< 2 percent of the test set), the performance was improved, see Table 3 . Table 3 : Precision (P), recall (R) and F-score (F) when excluding the three reports that the system flagged for manual review
The same process was applied to the Biopsy group. The first method for discovering challenging reports was to exclude all reports not mentioning the orientation of the biopsies. This step marked and excluded 67 reports in the test set (43 percent), and the results for remaining reports are shown in Table 4 . Table 4 : Precision (P), recall (R) and F-score (F) for the extracted fields in the Biopsy group, when only including the 110 reports mentioning the concepts right or left.
The second flagging mechanism for the Biopsy group marks 25 additional reports, meaning that the system is confident in correctly determining the values for all the fields in the Biopsy group for 48 percent of the reports in the test data. This step also improves the precision of the system, as shown in Table 5 .
Error Analysis
The errors produced by the system are either due to the system not being able to handle previously unseen text structure or text content, or due to the data lacking information or containing noise. Lack of information is mostly regarding orientation, and Table 5 : Precision (P), recall (R) and F-score (F) for the extracted fields in the Biopsy group, when only including the 85 reports mentioning the concepts right or left and reports where the sum of the fields left and right is equal to the total number of biopsies found noise can for example be typos, such as when two different biopsies are indexed with the same number. System errors can be corrected by updating the rule set, and errors due to noise or lack of information is most often caught by the flagging mechanisms
The data also contains a small number of cases where there is a mistake in the encoding.
A manual error analysis has been performed on the reports that are not marked by any flagging mechanism but still contain errors. There are no such reports for the Gleason group and eight reports for the Biopsy group.
Two of the reports contain one biopsy each that is erroneously classified as malign by the system. The system fails on correctly identifying the orientation of biopsies for two reports (one because of an unusual file structure and one because of some of the biopsies actually having the orientation "center"). Three reports contain an error in the encoding and one report is correctly encoded by the system based on the actual contents of the text, but where there likely is a typo in the text corrected during the manual encoding.
Conclusions and Future Work
We have demonstrated the possibility of automatically extracting and encoding information from free text pathology reports with a high level of accuracy. The developed system is not designed to be implemented as fully automatic, but to reduce the amount of manual work currently needed for the encoding of the reports. The results in this study in terms of precision and recall were high for a majority of the extracted fields, and will en-able the Cancer Registry to encode the reports considerably faster, with less resources. A vital part of the system is marking the cases which should be manually reviewed, and notifying the coding experts to be extra vigilant in the coding of the flagged reports. Thus, contributing to a more consistent encoding and further improving the quality of the data.
The results in term of precision, recall and Fscore are similar to the ones described in the studies in Section 2, but though the studies all share the domain of free text pathology reports, the actual task depends on the cancer type, the number of extracted fields, availability of annotations, and language, making a fair comparison difficult. The study by Dahl et al. (2016) was developed for a similar, but much smaller, data set and achieved an average F-score of 0.73 for the nine fields, whereas the current system has a significantly higher performance with an average F-score of 0.91.
The fields concerning orientation of the biopsies are the most challenging for the system, and the encoding produced by the system for these fields are somewhat difficult to evaluate. This is largely due to the fact that the values of these fields often are based on sketches not available to the system. Excluding the reports flagged by the system as not containing the concepts Left and Right improves the results for the orientation fields, but also reduces the number of reports that the system is able to handle automatically. A high precision is prioritised over a high recall in this case since it is necessary to produce data of a high enough quality for the registry.
This study focuses only on prostate cancer, but each cancer type that is encoded by the registry is associated with a specific set of fields. Future work therefore includes to extend the system to other cancer types as well as to investigate methods for automatic rule creation.
